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ABSTRACT The purpose of this paper is to propose a combined data mining approach for analyzing and
profiling customers in video on demand (VoD) services. The proposed approach integrates clustering and
association rule mining. For customer segmentation, the LRFMP model is employed alongside the k-means
and Apriori algorithms to generate association rules between the identified customer groups and content
genres. The applicability of the proposed approach is demonstrated on real-world data obtained from an
Internet protocol television (IPTV) operator. In this way, four main customer groups are identified: ‘‘high
consuming-valuable subscribers’’,’’ less consuming subscribers’’,’’ less consuming-loyal subscribers’’ and
‘‘disloyal subscribers’’. In detail, for each group of customers, a different marketing strategy or action is
proposed, mainly campaigns, special-day promotions, discounted materials, offering favorite content, etc.
Further, genres preferred by these customer segments are extracted using the Apriori algorithm. The results
obtained from this case study also show that the proposed approach provides an efficient tool to form different
customer segments with specific content rental characteristics, and to generate useful association rules for
these distinct groups. The proposed combined approach in this research would be beneficial for IPTV service
providers to implement effective CRM and customer-based marketing strategies.

INDEX TERMS Customer segmentation, data mining, clustering, association rules, RFM model, VoD
services.

I. INTRODUCTION
Recently, increasing the quality of any given network has
become the priority of all broadcasting firms. Among these,
one can refer to the VoD – video on demand, otherwise
known as Pay-TV - business model, which offers broadcast
transmissions of media content to subscribers paying for the
services [1]. The Internet Protocol Television (IPTV) sup-
ports VoD, concentrating more on content and system quality
in accordance to the subscribers’ choices [2]. With added
expansion on theWeb, VoD and live TV services of this nature
are becoming even more popular. VoD, as a business model
for IPTV, has promoted the consumption of TV and video
content by subscribers, who can select and rent – oftentimes,
free of charge in certain promotional periods - among pre-
recorded material, even pause content, rewind and play it
back [3]. Additionally, the services provided allow for access
and storage of content using a set-top box (STB), laptops,
mobile phones or web interfaces with real-time downloading
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and streaming. In this way, VoD allows for both wide-ranging
and quality services to be rendered to customers. For now,
improving the VoD market also entails the use of smart
devices by end-users to access television as IPTV. According
to studies, the VoD market is expected to increase from USD
38.9 billion in 2019 to USD 87.1 billion by 2024, progressing
at an average rate of 17.5% [4]. Other reports state that
the number of VoD subscribers worldwide now exceeds one
billion, and that this figure is predicted to reach 1.1 billion by
2024. In this sense, these services are clearly shown to remain
appealing to audiences in the upcoming years [5].

With the IPTV’s basic role as one service provider
with several subscribers, it has become more important
for the firms to determine their subscribers’ values and
demands. Parallel to this issue, CRM (Customer Relationship
Management) involves methodology and practices for mak-
ing use of customer data in business, where decisions are
made based on such data to gain competitive advantage over
the rest of the sector [6]. Obviously, effective use of IT tools
can increase the level of success in CRM processes, and
applying algorithms and statistical methods to the customer
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data for more personalized marketing becomes, as such,
evident for analytical CRM [7].

Customer analysis is carried out using data mining tech-
niques to determine CRM strategies and increase customer
value. To elaborate on these concepts, clustering is employed
as a data mining technique commonly applied for customer
segmentation [8]. The latter is an important CRM activity
to assist service providers in gaining a better understanding
of their subscribers’ needs and behaviors by introducing
improved products and services [9]. Such insight is a key
factor in gaining a competitive advantage through increasing
customer satisfaction and meeting their needs [10]. This is
even more so as different customer profiles constitute a far
greater source of valuable data for CRM applications [11].
As part of the process, these categories call for proper seg-
mentation so as to devise cheaper and, yet, profit-generating
strategies in the long run [12].

Among different data mining techniques, clustering meth-
ods are particularly helpful for analytical CRM tasks, such
as customer segmentation and profiling based on similar
attributes and shared values among users. Such clustering
makes use of the RFM model as well [13]. Short for recency,
frequency and monetary, this model delves into customer
behavior and individual’s characteristics [14]. In data mining
technologies, association rule mining and clustering algo-
rithms are also employed to analyze various enterprises for
business analytics. In this discipline, the Apriori algorithm
can help uncover the relations among different sets through-
out a series of exchanges. Data mining, embedded within
other CRM tools, is used for analyzing customers - with
the ultimate goal being to increase their satisfaction through
better marketing decisions, retaining the client base, iden-
tifying specific groups, and adjusting the decisions to their
needs. Nonetheless, it is fair to state that, by far, the research
conducted solely on VoD service providers and their sub-
scribers could lack in-depth analyses and a more through and
all-inclusive approach to user classification and, accordingly,
strategizing.

According to above mentioned evidence, it is very impor-
tant for service providers to keep their subscribers for a
longer period of time – which is the key to reduce costs
and increase their satisfaction based on a better under-
standing of their needs and expectations. Customers who
have common features with IPTV customer segmentation
are divided into specific groups, and IPTV customer pro-
filing also serves to depict customer behavior. Since certain
behaviors are known, appropriate services are developed for
the customers and a better service is provided to the cus-
tomers. Data mining techniques are also necessary to use
appropriate methods with a good concept understanding for
both IPTV customer segmentation and profiling. In inter-
preting customer behaviors from different data sources, data
mining technologies allow IPTV customers to be profiled,
and IPTV service providers can get to know customers bet-
ter and offer better services, thereby increasing customer
satisfaction.

Despite the fact that customer profiling has repeatedly
been observed in other application domains, to the best of
our knowledge, no studies have attempted to profile sub-
scribers in VoD service providers. Therefore, this present
study is endeavoring to fill this gap and aims to develop a
customer profiling scheme by using the real-life VoD ser-
vice data of IPTV subscribers. In detail, it proposes a com-
bined approach for customer profiling in VoD services using
clustering and association rule mining techniques. For this
purpose, the LRFMP model is employed to determine the
customer values, to which the k-means clustering algorithm is
subsequently applied for customer profiling. Then, customer
VoD rental preferences are extracted to elicit the relationship
between content types and different customer profiles based
on association rule mining.

This research makes the following contributions. First,
it proposes a novel hybrid approach of combining clustering
and association rule mining techniques for profiling sub-
scribers in VoD services. Second, serves a valuable refer-
ence for researchers, who are willing to examine customer
behaviors in VoD services. Finally, the present study provides
VoD service providers with important implications for differ-
ent customer types in implementing effective marketing and
CRM strategies.

This paper is organized as follows: Section 2 reviews
the relevant literature, Section 3 presents the combined
approach. Section 4 provides the application of the proposed
approach. Finally, conclusions are presented with limitations
and suggestions for future works in Section 5.

II. LITERATURE REVIEW
A. CUSTOMER RELATIONSHIP MANAGEMENT (CRM)
The literature points to CRM decision tools to employ data
mining to customer databases [15]. Intended for customer-
based systems, it analyzes users and helps investigate such
data so as to predict their possible behavior and attract new
customers [16]. Research points to the CRM process as the
management of potential, existing and old customer interac-
tions [17]. On this basis, those within certain groups have
different expectations and, whereas it is difficult to manage
a large number of customers, users sharing similar behavior
are grouped together. To this end, service providers identify
the variables necessary to group the customers by means of
the right variables [18].

The competition in the digital market is a customer-
dependent subject, for which new technologies are used to
clearly categorize customers [19]. Once these groups are
formed, one can obtain the necessary recommendation rules
for CRM purposes [20]. Later, the CRM is combined with the
LRFMP model to classify users.

B. CUSTOMER SEGMENTATION
As a matter of course, the unavoidable diversity in cus-
tomer preferences and behaviors poses many difficulties for
the sector to individually and adequately respond to each.
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For this reason, customer segmentation separates users based
on similarities and according to marketing goals or other
criteria [21]. These days, this subject is gaining even more
attention focused on its significance for competitiveness.

As far as segmentation is concerned, it allows firms to
identify customer groups and determine their needs and
expectations, respond to those demands, and increase rev-
enue while attracting new and potential users with relevant
marketing strategies [22], [23]. In this way, the literature
also mentions customer segmentation as a contributing factor
for different marketing strategies. Specifically, researchers
divide customers’ variables into two groups: general and
product-oriented [13].

In this study, the product-specific variables are mainly
employed to help identify IPTV subscribers’ rental and
consumption habits. In this vein, RFM has been known
as the most effective model in determining the purchas-
ing habit of customers, their behavior analysis and ultimate
segmentation [24].

C. RFM MODEL AND ITS VARIATIONS
The model was initially proposed by Huges in 1994 to mea-
sure the values related to customer purchasing behavior [25].
RFM stands for the following variables: Recency, to provide
information on the time elapsed since the last purchase of the
customer; Frequency, as to the total purchase and customer
loyalty within a given period; and Monetary, to refer to the
average amount spent over a certain period of time [26].
On top of this, the application of the model with data mining
techniques allows for maintaining the already-existing cus-
tomers, increasing customer loyalty, determining needs and
gaining new customers [27]. Briefly put, it helps in accu-
rately identifying customer behavior, providing special ser-
vice to different groups, and reinforcing the relations between
service providers and users [12].

Later studies also determined the length of customer
involvement with the addition of the length (L) param-
eter [28]–[30], [31]. Identifying customer loyalty in this
way and upon the length parameter has become more
important today [32]. Other such parameters include the
group (G) parameter to address product category informa-
tion as well [33]. As to the present study, customer value
is determined with the LRFMP model – as the abbreviation
implies – based on length and periodicity parameters added
to the RFMmodel previously employed in retailing [34]. This
proposed LRFMP model is intended to better identify the
characteristics and regularity of customers having different
purchasing habits.

D. CLUSTERING
This technique separates individual data objects based on
their differences, and it isolates them in groups based on their
characteristics [35]. The literature offers numerous such tech-
niques as per the requirements to define cluster variables and
to separate clusters with identical classifications [36]. Among
many clustering techniques, the k-means is the most popular

algorithm used in clustering with its fast and easy implemen-
tation. In particular, it is common in various research fields
such as data mining, statistical data analysis and customer
segmentation [37], [38]. However, to do so, the k-value needs
to be specified before the k-means algorithm is applied. After
this specification, k center points are chosen arbitrarily in
the algorithm, and the data is assigned to a cluster based
on the closest center point and by measuring the distance
between each data and the randomly chosen centers. Then,
another center point is chosen for each cluster, and clustering
is carried out based on the new center points. This is repeated
to the point that all centers become stable [39]. Consequently,
the k-means algorithm improves the variance between clus-
ters and decreases inter-group variance to classify users [40].
When investigating the users’ behavior, segmentation also
calls for the determination of the actual purchase habits [41].
In doing so, the relationship among the number of segments,
the number of viewers, and the number of optimum clusters
are applied to identify the precise preferences of subscribers
as well as their overall characteristics and attributes [42].
In a sense, segmentation entails the grouping of users shar-
ing similar attributes to support decision-making for better
marketing strategies and achieving the future targets set by
service providers [43].

E. ASSOCIATION RULE MINING
In business and elsewhere, clustering and association
rule methods are commonly used to define patterns in
decision-making based on the data mining models. Associa-
tion rule mining was proposed by Agrawal et al. in 1993 [44].
The Apriori algorithm generates candidate (k-size) patterns
incrementally and recursively to calculate and combine the
frequent (k-1 sized) patterns [45]. Although the technique is
mostly used in market basket analysis examples, it is also pre-
ferred in determining various content types with categorical
data [46].

The basis of the Apriori algorithm is an iterative structure,
so that frequent element sets can be detected [47]. For the
algorithm to be applied, the data set must be both transac-
tional and categorical, while the directions of the variables in
the data set have to be identifiable [48]. Apriori reveals the
relationships among different components and, hence, it is
applied in many domains such as retail shopping, credit card
transactions, telecommunication service purchases, banking,
insurance, and health care – in the latter case, in the form
of patient histories [49]. It has three main measures: support,
confidence and lift; where support is an indication of how
frequently the data appears in the given dataset, confidence is
the measure of how often the rule has been found to be true,
and lastly lift is a correlation analysis measure to identify the
relation between antecedent and consequent [50].

III. PROPOSED COMBINED APPROACH
This study proposes a combined approach using data min-
ing methods for clustering and rule analysis to examine
and analyze subscribers’ VoD behaviors in the IPTV sector.
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Figure 1 shows an outline of the steps of the pro-
posed approach. As illustrated there, the proposed approach
includes three phases, namely preparing the dataset, segment-
ing the customers, and creating the association rules. These
steps are described below:

FIGURE 1. The framework of the proposed approach.

Phase 1 starts with extracting data from different sources.
Then, data cleaning and pre-processing are performed for the
purpose of analysis. In the next step, the LRFMP variables
are constructed for each IPTV subscriber. Phase 2 includes
the standardization of these variables, clustering and deter-
mining the subscriber groups. The most often used scaling
technique, min-max normalization, is applied between 0 and
1 to reduce the potential effects of variable differences. Then,
it is time to determine the proper number of cluster and cus-
tomer profiling based on clustering. In phase 3, association
rule mining is employed to determine the subscribers’ rental
preferences. After that, the Apriori algorithm is applied to
customer groups to recommend new content types according
to the groups. In this way, the proposed combined approach
addresses both the IPTV subscribers’ profiling by clustering
and determining their rental preferences by association rule
mining. Finally, the likely rental contents to be favored by
these subscribers are predicted based on the customer groups
to devise appropriate marketing strategies for adoption.

A. LRFMP MODEL
In the proposed approach, the LRFMP model, as described
by Peker et al. (2017), is employed to segment IPTV sub-
scribers based on their content rental behaviors. The detailed
definitions of these variables adapted to the IPTV domain are
presented in the following:

Length (L): the number of days between the subscriber’s
first and last rentals;

Recency (R): the number of days since the subscriber’s last
rental;

Frequency (F): the total number of content rentals by the
subscriber during the observation period. In the calculation of
this variable, each content rental is counted separately for the
cases of multiple content rentals in a day;

Monetary (M): the average amount spent per content rental
by the subscriber; and

Periodicity (P): the standard deviation of the subscriber’s
inter-rental times which refers to time in days between two
consecutive rentals belonging to different dates. In the calcu-
lation of this variable, multiple content rentals for a certain

day are considered as single. In other words, only unique
dates are considered.

In light of these explanations, Table 1 represents the rental
transactions of a given hypothetical IPTV subscriber. The
sample subscriber has rented contents nine times, and the
rental dates are sorted by date. The date column indicates
the content rental dates of the subscriber, and the IRT values
are calculated for each rental after the subscriber’s first rental.
For example, the inter-rental times for the subsequent rents of
the subscriber are calculated in days by finding the difference
between second and first rental dates. The content fee column
indicates the content price for each rental date. The last date
of the time period in the example is set as July 31, 2019 to
compute the length and recency variables.

TABLE 1. Rental transactions of a sample subscriber.

Based on the data in Table 1, the length value, calculated
as 68, refers to the days between the subscriber’s first rental
date (May 17, 2019) and the last rental date (July 24, 2019),
indicative of the subscriber’s degree of loyalty to the IPTV.
The recency value, measured to be 7, refers to the number
of days between the subscriber’s last rental date (July 24,
2019) and the last date of the time period (July 31, 2019),
which implies that the subscriber has recently rented VoD
content and that (s)he is more likely to rent in the near
future. The total number of content rentals represents the fre-
quency value, which is calculated as 9; the higher this value,
the more the subscriber’s loyalty to the service provider. The
monetary value, the average amount spent by a subscriber
per rental of content, is determined as 2.19. Given the low
VoD content fees, the subscriber’s contribution to the IPTV
service provider is insignificant. Lastly, the periodicity value,
measured at 6.77, refers to the standard deviation of each IRT
duration of the subscriber, thus indicating the degree of rental
regularity over the stated period. In this respect, low period-
icity values point to the subscriber’s renting VoD contents
more regularly and periodically. This example clarifies the
LRFMPmodel and exemplifies its application to subscribers’
VoD behavior in IPTV industry.

B. CUSTOMER SEGMENTATION
In the present work, customer segmentation is carried
out with an effective combination of the LRFMP model
and clustering. Each LRFMP parameter is regarded as
equally significant with thorough standardization in cluster
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analysis [51], [52]. The k-means algorithms minimize the
total within-cluster sum of square (WSS) to define the clus-
ters. Using the elbow method, we find the proper number
of clusters with the total WSS as a function. As a result of
verifying the total change in the cluster - which also means
that the WSS value will decrease – WSS for different k
values is calculated for choosing the optimal k value. After
determining the appropriate cluster number, cluster analysis
is performed, and customer segments are profiled based on
customer values as per the LRFMP model. Then, the content
type information preferred by the customers is included in
the process to determine the relationship between the rented
content types by association rule analysis - described in detail
in what follows.

C. ASSOCIATION RULE MINING
In this study, all rented content types are tagged and named
in a G (genre) list as:

G = {action, adventure, animation, biography, comedy,

crime, documentary, drama, family, fantasy, history,

horror,music,musical,mystery, romance, sci− fi,

sport, thriller,TV − shows,war,western}

To begin with, the most rented five genres are selected;
then, Apriori algorithm is applied to each in order to find
out the relationship with other 4 genres. In this algorithm,
each association rule is composed of two different item sets
denoted as X and Y [53]; X represents the antecedent (left
hand side) item with the most rented content type, whereas Y
stands for the consequent (right hand side) item set relevant
to X [47]. Here, association rule mining allows for the com-
putation of the probability of rental content types. In the same
way, the antecedent and the consequent express the degree of
uncertainty about the rule. Support simplifies the number of
transactions and contains all items in the antecedent and con-
sequent parts of the rule. It is an indication of how frequently
the itemset appears in the dataset. Confidence includes all
items in the consequent and the support to the number of
transactions, including all items in the antecedent. Confi-
dence represent the frequency in which the rule can be true.
Lastly, lift denotes the relation between the antecedent and
consequent items. Lift is helpful because it takes into account
support as well as the dataset. The association rule has the
form of X → Y and the formulas of support, confidence and
lift measurements are given below [44]:

Support (X → Y ) = P (X ∩ Y ) (1)

Confidence (X → Y ) = P(X |Y ) (2)

Lift (X → Y ) =
P(X |Y )
P(Y )

(3)

The customer rental preferences and possible future rental
content types are determined by applying the Apriori algo-
rithm, which allows us to obtain the most preferred content
types of IPTV subscribers as well as the potential rental
content types they would rent in the future. As a result,

by analyzing the customer profiles determined with cluster-
ing, content type analysis is conducted, and reliable associ-
ation rules are obtained to examine the dependencies among
the different content genres.

IV. APPLICATION OF THE PROPOSED APPROACH
A. THE CASE COMPANY AND DATA PREPARATION
The service provider in point is one of the major digital
broadcasting platforms in Turkey. It began its operations in
the early 2010s, and now its video streaming services reach
the STB (set-top-box)-based data of the subscribers. In this
regard, the original data set was extracted from 277,808
subscribers’ STB-based data during a two-year period. The
VoD subscriber data is obtained in the form of a spread-
sheet, which was subsequently transferred to a Microsoft
SQL Server database for analysis. In this dataset, subscribers
with a length value of only one rental date and those with
zero monetary value were excluded from the study along-
side users who had only one content rental – the reason
being that, otherwise, the periodicity value would not be
calculable due to lack of the IRT measure. In the data pre-
processing stage, missing subscribers’ information and incor-
rect transaction records were removed. Therefore, in the
end, 195,493 subscribers’ data related to rental records were
analyzed. In the data set, each subscriber’s transaction con-
tains their ID, platform information, rental date, content ID,
content price, name, and content type. The variables of the
LRFMP model were produced for each subscriber. Accord-
ingly, Table 2 presents the descriptive statistics regarding the
maximum, minimum, averages and standard deviation results
of the LRFMP variables.

TABLE 2. The descriptive statistics based on LRFMP variable.

B. CUSTOMER SEGMENTATION RESULTS
In the study, the LRFMP variables are standardized by using
min-max normalization between 0 and 1 prior to cluster-
ing. Then, the ideal number of clusters is obtained with the
LRFMP values using the k-means algorithm. Figure 2 depicts
the WSS results of the k-means algorithm for different num-
ber of clusters between 2 and 10. On this basis, the curve in
the figure indicates that the WSS value declines sharply until
k=4, whereas the number of clusters does not decrease con-
siderably with high number of subsequent clustering. Thus,
4 is chosen as the optimum number of clusters.

Table 3 presents the sample size, the average values of the
LRFMPvariables, and the scores for each cluster. In interpret-
ing the LRFMP score, the up and down symbols previously
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FIGURE 2. WSS values of the k-means clustering method.

TABLE 3. Clustering results for 4 clusters.

used in the literature are employed here as well [54]. The
technique explains that the L, R, F, M and P values of the
cluster are above the aggregate average; hence, the up symbol
(↑); otherwise, the down (↓) symbol.
To explain the different customer groups, related pro-

files are created based on the results obtained in the cluster
analysis. Then, customer value [55] and customer relation-
ship matrices are employed to interpret the segmentation
results [56]. In all, the study includes 4 clusters with different
characteristics as determined in Table 3. Table 4, in turn,
represents the names of the subscriber groups, LRFMP scores
and the size of each customer group.

TABLE 4. The results of customer groups.

Referring to Table 4, one can see that in Cluster1 the length
and frequency are greater than the average, and that recency
and periodicity are lower than the average. This type of
subscribers is, therefore, named ‘‘high consuming-valuable
subscribers’’ who tend to maintain long-term relationships

with the VoD service provider. Hence, as regards marketing
strategies and decisions, various promotions and discounts
could be provided to this group as it is profitable to the
firm. Next, cluster 2 has length, frequency and periodicity
values that are lower than the average, and recency which
is greater than the average. This type of subscribers are
classified as new subscribers and grouped as ‘‘less consuming
subscribers’’. As a result, IPTV service providers may offer
more contents to these subscribers and make the services
more attractive to them in the course of time because they
tend to rent high-price content. In Cluster 3, the length and
monetary values are greater than the average; recency, fre-
quency and periodicity are lower. Henceforth, the group is
regarded as ‘‘less consuming-loyal subscribers’’ who prefer
high-priced contents –which, in turn, can be determinedmore
accurately and increased in terms of its variety to encourage
longer subscription with the service provider. The last group,
cluster 4, has length, recency, frequency, monetary and peri-
odicity values lower than the aggregate average and, as such,
it is named ‘‘disloyal subscribers’’. This groups comprises
the largest population, whose expectations and characteristics
deserve thorough and detailed studying to make them more
active.

C. ASSOCIATION RULE MINING BASED ON CUSTOMER
PROFILING
In the data set of IPTV subscribers, content types and sub-
categories of the rented contents were extracted. Each of the
subscribers’ leased content type transaction is recorded to the
database with values of 0 and 1 as shown in Table 5.

TABLE 5. Most rented content type transactions of sample subscriber.

In the given IPTV subscribers’ rental content types, the size
of each type is determined with the Apriori algorithm for
different subscriber groups. Then, the most popular types
or genres are determined to find out about the interrela-
tions among them. The ratio of the number of rentals to the
total number of rentals is set as 0.001 as the support value.
Additionally, confidence is set to 0.9 to determine the best
rules due to the extensive size of the data set. According
to these values, the Apriori algorithm is applied to find out
the relationship between each customer group and the most
rented content types.

For each group, a series of association rules are produced
according to the minimum support and the minimum of
confidence values. Then, the relations of association rules
above these values are identified. In this study, the IPTV
subscribers are scanned to generate candidate itemset from
the database [57]. The support and confidence values are
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calculated to reveal frequently occurring items with Apriori
algorithm [58]. To reduce the frequent items, Apriori algo-
rithm includes knowledge on associations between items.
In this way, it helps in finding only the related association
rules [59].

Table 6 only includes sample subscribers’ preferences and
indicates that IPTV subscribers prefer comedy genre types,
while more than %96 of all other rentals include action,
adventure, drama and sci-fi. Additionally, 99% of the cus-
tomers renting the mentioned genres also rented comedy.

TABLE 6. The relation between comedy and other popular genres for
sample subscribers.

In Figures 3 to 6, green circles illustrate the popular con-
tent types rented by the given customer groups; accordingly,
the size of these circles indicates the rental volume for each
content type, whereas the arrows represent the relationship
between the lhs and rhs item set. Likewise, the size of the
purple/red circles indicates the lift value; larger circles imply
stronger lift.

FIGURE 3. The relations among popular content types for ‘‘high
consuming-valuable subscribers’’.

According to the analyses, for the ‘‘high consuming-
valuable subscribers’’ (cluster 1), the most rented content
is found to be comedy, adventure, action, drama and sci-fi
in order of preference, thereby suggesting that customers
who rent any of these popular genres prefer comedy content,
as determined by the Apriori algorithm. Figure 3 represents
the result of the relationship between the types of content
rented by ‘‘high consuming subscribers’’. In line with what

was stated previously, this figure reveals that the lift value
is high between the lhs item set (adventure, action, drama
and sci-fi) and the rhs item (comedy), thereby implying
comedy as a preferred content by those renting adventure,
action, drama and sci-fi in this group. To this end, the IPTV
service providers could offer the content types relevant to
these subscribers’ preferences and apply electronic means of
notification - emails and other forms of social media - to
increase satisfaction in the long term.

As to the ‘‘less consuming subscribers’’ (cluster 2), it can
be seen that those renting one of the content types of action,
comedy, drama, and animation also chose the adventure
genre. As shown in Figure 4, the lift value between lhs
(animation and comedy) and rhs (adventure) is higher. This
suggests that adventure is a preferred content for those renting
animation and comedy in this customer group and, as such,
IPTV service providers could add such genres and categories,
increase the number of items on offer, and add details to the
metadata information to achieve more customer satisfaction.

FIGURE 4. The relations among popular content types for ‘‘less
consuming subscribers’’.

Subsequently, cluster 3, ‘‘less-consuming-loyal
subscribers’’, is found to rent adventure, action, drama and
sci-fi, as well as comedy. As shown in Figure 5, the lift values
between lhs (action and adventure) and rhs (comedy) are
higher – an indication that adventure is a preferred content for
those renting animation and comedy. Therefore, IPTV service
providers may again employ different notification tools to
inform the users of, for example, reduced fees and enriched
contents to encourage further rentals.

Lastly, cluster 4 pertaining to ‘‘disloyal subscribers’’
reveals that users who rent action, adventure, drama and
sci-fi also opt for comedy – in this way, resembling cluster 1
(high consuming-valuable subscribers) in terms of choosing
action, adventure, drama and sci-fi. As shown in Figure-6,
the lift values between lhs (adventure, drama and Sci-fi)
and rhs (comedy) are higher.; this translates to comedy as
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FIGURE 5. The relations among popular content types for ‘‘less
consuming-loyal subscribers’’.

FIGURE 6. The relations among popular content types for ‘‘disloyal
subscribers’’.

a preferred content for those renting adventure, drama, and
sci-fi in this category. Given the sizeable majority of these
subscribers, service providers should carry out more in-depth
surveys and analyses to uncover the reasons behind the users’
behavior, based on which future marketing decisions and
promotional initiatives could be planned.

V. CONCLUSION
With the rapid changes and development of the Internet tech-
nology, a surge is witnessed in the number of subscribers
using IPTV. Evidently, due to the enormous diversity of
such services, the problems related to identifying customers’
preferences and expectations are likely to multiply just as
well. For this reason, companies should make additional
effort to provide appropriate contents to their subscribers
by gaining better insights into their behaviors and adopting

proper marketing strategies. To achieve these purposes, it is
necessary to identify customer values, which will pave the
way for improved decision-making and, ultimately, increased
profitability for companies in the sector.

With these goals in mind, the proposed combined approach
in this study includes clustering and association rule mining
for customer profiling in the VoD sector. The LRFMP model
employed here allows for the extraction of subscribers’ values
with the k-means algorithm to carry out the segmentation
process. After determining the most suitable cluster num-
ber in the study based on real customer data of IPTV ser-
vice providers, subscribers are grouped into four categories,
namely ‘‘high consuming-valuable subscribers’’, ‘‘less con-
suming subscribers’’, ‘‘less consuming-loyal subscribers’’,
and ‘‘disloyal subscribers’’. In addition, association rule min-
ing is used to account for the rented content type informa-
tion. Using the Apriori algorithm, these genres preferred by
customers in different clusters are identified.

As for the significance of the present study, it is believed
to contribute to the available literature in terms of both theory
and practice. This study theoretically contributes to current
literature proposing a novel combined data mining approach
to the VoD sector to determine different customer groups
based on their content preferences, and to analyze these
preferences in terms of the prevailing relations among them.
Further, this study serves a valuable reference for researchers,
who are willing to study field. In this manner, the current
research provides insights on how to develop a combined
approach using clustering and association rule mining tech-
niques for profiling subscribers in VoD service providers.

From a practical standpoint, the findings of this study
contribute in implementing CRM and marketing strategies
of IPTV service providers. With these findings, IPTV service
providers could offer subscribers appropriate promotions and
advertising campaigns for each identified customer profile.
Apart from this, more relevant content types and categories
could be recommended to users according to their pref-
erences and profiles. Marketing campaigns, in line with
customer-base expansion policies, are likely to increase rev-
enue through initiatives such as special-day discounts and
promotion of new content via different means of elec-
tronic notification as the technology allows today. In short,
enhanced and improved strategizing by firms can help them
in reaching out to more prospect users while maintaining the
existing subscribers in a sustained manner. Lastly, all such
developments are likely to change the way IPTV service
providers operate in the future as technology enters a new
era, a long which customer expectations and profiles may as
well evolve.

While the results and findings may be helpful for the
further studies, there are a number of limitations in this study.
First, the present study makes use of the subscribers’ VoD
transaction records via only STB devices. In this manner,
one direction in the future work is to utilize and investi-
gate the transactional data obtained from other devices such
as computers, mobile phones, or the like in the proposed
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approach. In future studies, the approach can also be further
enhanced by other factors related to customer demographics
such as age, gender, profession, income level, region, etc. One
more point to consider is that the data were provided by a
single case company and limited to Turkish customers. Future
research could replicate our study using data from numerous
VoD service providers in different geographical areas. All
aforementioned possible future directions are important to
ensure a more generalized and applicable conclusion. Lastly,
the proposed approach employs specific clustering and asso-
ciation rule mining algorithms, and in further studies, alterna-
tive clustering and association rule mining algorithms can be
used to compare results with this study. Such future studies
will be useful to validate the findings drawn from this study.
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